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Abstract
We developed empirical remote sensing models to estimate chlorophyll a concentrations and
cyanobacteria synoptically, over a large inland lake using available Landsat Enhanced Thematic
Mapper Plus (ETM+) data.

In contrast to previous studies which rely on the spectral

characteristics of the cyanobacterial specific pigment, phycocyanin, we developed remote
sensing models capable of directly detecting cyanobacterial biovolume. This distinction is
important because Landsat ETM+ data lacks the spectral band information required for optimal
phycocyanin detection. Each model was calibrated and cross-validated with existing in situ
measurements from Lake Champlain’s Long-Term Water Quality and Biological Monitoring
Program (LTMP). Lake station measurements taken between 2006 and 2009 were matched with
radiometrically converted exoatmospheric reflectance data from seven spectral bands on the
Landsat ETM+ sensor. Step-wise multi-linear regression indicated data from Landsat ETM+
bands 1, 2 and 3 were most significant for predicting chl-a and cyanobacteria biovolume. Based
on statistical analysis, the linear models that included visible band ratios slightly outperformed
single band models. The final models captured the extents of cyanobacterial blooms throughout
the 2006-2009 study period.

The results serve as an added monitoring tool for resource

managers and present new insight into the initiation and propagation of cyanobacterial blooms in
Lake Champlain.
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1. Introduction
Applications of satellite remote sensing have given powerful insight to the study of marine and
freshwater ecosystems, providing sophisticated information for the management of water
resources. Since the 1970s, scientists have used satellites to detect the optical signatures of
constituents present in surface water (Ekstrand, 1992; O’Reilly et al., 1998).

Satellite

measurements are especially useful for the detection of phytoplankton because of the unique
spectral characteristics of photosynthetic pigments (Richardson, 1996). As the frequency and
intensity of harmful algal blooms (HABs) have increased worldwide in recent decades (Sellner et
al., 2003), satellite models have become an attractive alternative to traditional HAB monitoring
programs.

Compared to traditional field monitoring programs, satellite sensors provide regular, synoptic
coverage over large areas at resolutions unattainable by field sampling (Park and Ruddick,
2007). At relatively low cost, remote sensing models can be developed to estimate algal bloom
distributions across entire water bodies, allowing for focused monitoring efforts and satellite
estimations of algal concentrations in areas that might otherwise be inaccessible.

Several Earth-sensing satellites are currently in operation and access to their data archives has
never been more available to the public and research communities. This report begins with a
review of past and current research that has built the foundation of satellite algal bloom detection
models. Different approaches to model development are discussed, including applicable satellite
programs, past failures and successes.
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The next portion of the report details a study that we carried out for a four-year time period in
Lake Champlain. Excess phosphorus loading in the lake leads to frequent eutrophic conditions
and the recurrence of HABs, particularly cyanobacterial blooms (blue-green algae).

We

developed remote sensing models to detect HABs throughout the lake, drawing upon the
approaches outlined in past research and incorporating new innovations to help delineate
potentially toxic species. While our results provide an important monitoring tool for resource
managers in the Lake Champlain Basin, our study also serves as a case study for similar
freshwater systems. We demonstrate how remote sensing models can be developed to support
existing or new lake monitoring programs at relatively low cost.

References
Ekstrand, S. (1992). Landsat TM based quantification of chlorophyll-a during algae blooms in
coastal waters. International Journal of Remote Sensing, 13(10), 1913-1926.
O'Reilly, J. E., Maritorena, S. B., Mitchell, B. G., Siegel, D. A., Carder, K. L., Garver, S. A.,
Kahru, M., & McClain, C. (1998). Ocean color chlorophyll algorithms for SeaWiFS.
Journal of Geophysical Research, 103(C11), 24, 937-24, 953.
Park, Y-J., & Ruddick, K. (2007). Detecting algae blooms in European waters. Envisat
Symposium 2007, ESA SP-636.
Richardson, L. (1996). Remote Sensing of Algal Bloom Dynamics. BioScience, 46(7), 492-501.
Sellner, K. G., Doucette, G. J. & Kirkpatrick, G. J. (2003). Harmful algal blooms: causes,
impacts and detection. Journal of Industrial Microbiology and Biotechnology, 30, 383406.
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2. Remote Sensing of Algal Blooms in Coastal and Inland Waters:
A Review of Past and Emerging Research
2.1

Introduction

Algal blooms in surface waters of lakes, estuaries and coastlines result from a combination of
natural and anthropogenic impacts. Nutrients coastal upwelling and atmospheric deposition of
terrestrial dust produce some of the largest algal blooms in the world’s oceans, yet terrestrial
runoff from agricultural, residential and urban areas have dramatically raised nutrient loads to
nearshore and inland waters in recent decades (Sellner et al., 2003). Eutrophication and algal
bloom propagation have become an increasingly frequent problem in developed watersheds.
Algal blooms deplete oxygen in surface waters through excessive bacterial respiration and
decomposition, while the presence of algae can cause discoloration and foul taste in drinking
water supplies (Burlingame et al., 1992; Sugiura et al., 1998). Moreover, harmful algal blooms
(HABs), which contain toxin-producing species capable of poisoning animals or humans, have
increased in frequency and diversity worldwide (Sellner et al., 2003). Monitoring of bloom
composition, frequency and intensity provides important indicators of degraded water quality
(Richardson, 1996) and may be required to inform public alert systems of potentially harmful
bloom levels.

Traditional algal bloom monitoring usually requires ship-board field sampling programs to
determine in situ concentrations of algae, including measurement of chlorophyll a (chl-a), a
photosynthetic pigment used as a proxy to measure algal biomass (Coskun et al., 2008; Carlson,
1977). Chl-a concentrations are often determined with established in vitro laboratory analyses
where a solvent is used to extract chlorophyll pigments from phytoplankton samples. The optical
3

signals of the extracted pigments are then measured using a fluorometer (Arar and Collins,
1997), a spectrophotometer (Arar, 1997a) or high-performance liquid chromatography (HPLC)
(Arar, 1997b). HPLC is regarded as the most accurate and yet the most time-consuming method
for in vitro chl-a analysis whereas spectrophotometric and fluorometeric analyses can be less
time consuming (Pinckney et al., 1994) methods. Fluorometers are often preferred to other
instruments because they can be used in the field on shipboard probes or flow-through devices to
obtain continuous in vivo measurements of chl-a in marine and freshwater environments
(Lorenzen, 1966). However, the time and resources required for in situ monitoring have
limitation on spatial and temporal resolution because large algal blooms often shift and change
composition dramatically in a short period of time, influenced by rainfall and wind among other
factors. Measured algal concentrations may not be representative of levels throughout the study
area and important seasonal fluctuations of a bloom’s size and duration may be missed (Shafique
et al., 2001).

Remote sensing can provide regular, synoptic coverage of algal blooms over large areas for
regional monitoring programs at resolutions unattainable by field measurements (Richardson,
1996; Park and Ruddick, 2007). Several satellites scan entire regions of the earth with frequent
revisit times. Satellite measurement is especially useful for bloom monitoring because of the
unique spectral absorbance/reflectance characteristics of photosynthetic pigments like chl-a.
Unprecedented access to environmental and satellite datasets has presented many opportunities
for aquatic ecological research and remote sensing alternatives to current monitoring systems.
This review will look at the historical application of satellite imagery to monitor phytoplankton
and harmful algal blooms in coastal and inland waters. The intent of this study is to provide a
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background on available satellite data and the empirical and semi-analytical techniques used to
develop algal detection remote sensing models.

2.2

Overview of Satellite Algal Bloom Detection

Remote sensing bio-optical algorithms use water-leaving radiances (Lw(λ); µW cm-2 nm-1 sr-1) to
obtain the relationship of light reflected or absorbed at specific wavelength bands (λ) in the
visible spectrum (Richardson, 1996; Brown et al., 2008). The amount and spectral quality of
Lw(λ) are dependent on inherent optical properties (IOP) in the water column (Cannizzaro and
Carder, 2006). If ideal conditions are assumed (where the sun is at zenith and the water surface is
flat), without considering atmospheric interference, Lw(λ) is determined by the function of light
absorbing and backscattering constituents in the water column of the form:
Lw(λ) = f(bb(λ), a(λ))

(2.1)

where bb(λ) is the backscattering coefficient (m-1) and a(λ) is the absorbing coefficient (m-1)
(Morel and Prieur, 1977; Brown et al., 2008). Water color is measured by reflectance (Rrs), equal
to the ratio of Lw(λ) and downwelling irradiance Ed(λ) incident at the water surface:
Rrs(λ) =

(2.2)

Reflectance is therefore a function of both the light scattering and absorption properties in the
water column (Cannizzaro and Carder, 2006; Schofield et al., 1999). Atmospheric correction
algorithms have been developed to account for known scattering interferences from atmospheric
aerosols (Gordon and Wang, 1994; Werdell et al., 2009), though such correction procedures
generally yield water-leaving retrieval errors from satellite data of about 5% with variability
(Pozdnyakov et al., 2005).
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For remote sensing of bio-optical properties, surface waters are classified as Case I or Case II,
based on the variability of optical properties present in the water column (Morel and Prieur,
1977; Darecki et al., 2002). Case I waters, usually representative of deep ocean areas far from
terrestrial runoff, are optically less complex whereas Case II waters are representative of more
turbid coastal and inland waters and tend to have optical constituents independent of
phytoplankton levels (Brown et al., 2008). Satellite measurement of phytoplankton in Case I
waters is straightforward after correcting for atmospheric interference. Optically detectable
detrital material and colored dissolved organic matter (CDOM) are strongly correlated to
phytoplankton levels in Case I waters, and such constituents are assumed to co-vary with chl-a
concentration (Darecki et al., 2002). In Case II waters, the higher degree of optical interference
from dissolved and suspended materials, combined with increased variability of atmospheric
aerosols, impact the accuracy of bio-optical models (Zibrodi, 2009).

For Case I waters, satellite imagery has long been used to assess global ocean biogeochemical
cycles. Remote sensing of bloom propagation in Case II waters is more challenging due to
increased optical interference from atmospheric aerosols and the existence of constituents
independent of phytoplankton in the water column (particulates, colored dissolved organic matter
[CDOM], suspended solids, etc.) (Morel and Prieur, 1977). The spectral variability of Case II
waters is dependent on local ecology, watershed hydrogeology, atmospheric aerosols, land use
and anthropogenic impacts from the region, complicating the development of widely applicable
satellite algal production models. Most remote sensing models developed for freshwater lakes
and reservoirs are based on site-specific in situ measurements, used for empirical regression
analyses (Cracknell et al., 2001; Becker, et al., 2006). Established bio-optical algorithms are
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tested, compared and recalibrated using different in situ measurements and refined computational
processes, resulting in more accurate results tuned to specific conditions of a region.

Darecki et al. (2003) investigated the accuracy of several SeaWiFS algorithms using different
combinations of spectral signals for Case II waters in the Irish Shelf and the Baltic Sea. Though
the two water bodies contained similar chl-a concentrations, different spectral band reflectance
(Rrsλ) ratios were required to produce accurate results at each site. In the Irish shelf, a commonly
accepted satellite band ratio of Rrs(490 nm/550 nm) produced the most accurate chl-a retrievals
(R2 = 76%) whereas the band ratio of Rrs(550 nm/590 nm) gave better results (R2 = 75%) in the
Baltic Sea (Darecki et al., 2003). Additionally, the depth of water can impact the accuracy of
remote sensing. In shallow waters, bottom-reflected light can contribute to the reflectance signal
sensed above the water surface (Cannizzaro and Carder, 2006).

2.3

Historical Application of Remote Sensing for Algal Bloom Monitoring

Several satellites at varying degrees of spatial, spectral and temporal resolution have been used
for measuring algae propagation and distribution. Table 1 shows a summary of past and currently
operational sensors. Satellite models have proven especially useful at detecting algal blooms
based on the spectral characteristics of photosynthetic pigments. Chl-a has two absorbance peaks
near 433 nm (blue) and 686 nm (red), a reflectance maximum near 550 nm (green) and a
reflectance peak around 690-700 nm in the visible portion of the electromagnetic spectrum
(Cracknell et al., 2001; Jensen 2007). The relationship of light reflected or absorbed at specific
wavelengths (λ) in the visible spectrum can be used to estimate chl-a concentrations using
satellite bio-optical algorithms (O’Reilly et al., 1998; Brown et al., 2008).

7

Table 2.1 Past and Currently Operational Satellite Sensors for Algal Bloom Monitoring
Satellite Sensor

Landsat

Launch Date

End Date

1

Multispectral Scanner
(MSS)

July 1972

January 1978

2

Multispectral Scanner
(MSS)

January 1975

February 1982

3

Multispectral Scanner
(MSS)

March 1978

March 1983

4

Thematic Mapper (TM)

July 1982

5

Thematic Mapper (TM)

March 1984

7

Enhanced Thematic
Mapper Plus (ETM+)

Coastal Zone Color Scanner (CZCS)

1
2
3

SPOT

March, 1998

5

May 2002

August 1997

Terra

December 1999

Aqua

May 2002

MODIS

MERIS

IKONOS

QuickBird

4 Multispectral bands:
1) 500-600 nm; 2) 600-700 nm;
3) 700-800 nm; 4) 800-1,100 nm
4 Multispectral bands:
1) 500-600 nm; 2) 600-700 nm;
3) 700-800 nm; 4) 800-1,100 nm.
1 Thermal band: 10,410-12,350 nm

6 Multispectral bands:
1) 450-520 nm; 2) 520-600 nm;
3) 630-690 nm; 4) 760-900 nm;
Currently 5) 1,550-1,750 nm; 6) 2,080-2,350 nm
Operational 1 Thermal band: 10,400-12,500 nm
June 2001

6 Multispectral bands:
1) 450-515 nm; 2) 525-605 nm;
Currently 3) 630-690 nm; 4) 750-900 nm;
April 1999
Operational 5) 1,550-1,750 nm; 6) 2,090-2,350 nm
1 Thermal band: 10,400-12,500 nm
1 Panchromatic Band: 520-900 nm
5 Multispectral bands:
1) 433-453 nm; 2) 510-530 nm;
October 1978
June 1986 3) 540-560 nm; 4) 660-680 nm;
5) 700-800 nm
1 Thermal band: 10,500-12,500 nm
December
February 1986
3 Multispectral bands:
1990
1) 500-590 nm; 2) 610-680;
January 1990
July 2009
3) 780-890 nm
1 Panchromatic band: 500 - 730 nm
September 1993
July 1997

4

SeaWiFS

Spectral Bands & Range

March 2002

Currently
4 Multispectral bands:
Operational
1) 500-590 nm; 2) 610-680;
Currently 3) 790-890 nm; 4) 1,580-1,750 nm
Operational 1 Panchromatic band: 610-680 nm
8 Multispectral bands:
1) 402-422 nm; 2) 433-453 nm;
Currently
3) 480-500 nm; 4) 500-520 nm;
Operational
5) 545-565 nm; 6) 660-680 nm;
7) 745-785 nm; 8) 845-885 nm
36 Multispectral bands:
1) 620-670 nm; 2) 841-876 nm;
Currently
3) 459-479 nm; 4) 545-565 nm;
Operational
5) 1,230-1,250 nm; 6) 1,628-1,652 nm;
7) 2,105-2,155 nm; 8) 405-420 nm;
9) 438-448 nm; 10) 483-493 nm;
11) 526-536 nm; 12) 546-556 nm;
Currently
13) 662-672 nm; 14) 673-683 nm;
Operational
15) 743-753 nm; 16) 862-877 nm;
Bands 17-36) 890 - 14,385 nm

Resolution
Spatial

Temporal

Radiometric

68 x 83 m for all MSS bands

18 days

6-bit

68 x 83 m for all MSS bands

18 days

6-bit

68 x 83 m for all MSS bands

18 days

6-bit

30 m for multispectral;
120 m for thermal

16 days

8-bit

30 m for multispectral;
120 m thermal

16 days

8-bit

30 m for multispectral;
120 m for thermal;
15 m for panchromatic

16 days

8-bit

825 m for all bands

26 days

8-bit

26 days

8-bit

26 days

8-bit

26 days

8-bit

26 days

8-bit

2 - 3 days

8-bit

1.1 km for all bands

1 - 2 days

10-bit

250 m for bands 1 & 2;
500 m for bands 3 - 7;
1000 m for bands 8 - 36

1 - 2 days

12-bit

250 m for bands 1 & 2;
500 m for bands 3 - 7;
1000 m for bands 8 - 36

1 - 2 days

12-bit

3 days

12-bit

4 m for multispectral;
1 m for panchromatic

< 3 days

11-bit

2.44 m for multispectral;
0.61 m for panchromatic

1 - 5 days

11-bit

20 m for multispectral;
10 m for panchromatic
20 m for multispectral;
10 m for panchromatic
20 m for multispectral;
10 m for panchromatic
20 m for multispectral;
10 m for panchromatic
10 m multispectral; 20 m for
shortwave Infrared;
2.5 m for panchromatic

15 Multispectral bands:
1) 407.5-417.5 nm; 2) 437.5-447.5 nm;
Currently 3) 485-495 nm; 4) 505-515 nm;
From 300 -1,200 m
Operational 5) 555-565 nm; 6) 615-625 nm;
7) 660-670 nm; 8) 677.5-685 nm;
Bands 9-15) 700-905

4 Multispectral bands:
Currently 1) 445-516 nm; 2) 506-595 nm;
September 1999
Operational 3) 632-698 nm; 4) 757-853 nm
1 Panchromatic band: 450-900 nm
4 Multispectral bands:
Currently 1) 450-900 nm; 2) 520-600 nm;
October 2001
Operational 3) 630-690 nm; 4) 760-900 nm
1 Panchromatic band: 450-900 nm

Sources: (Jensen, 2007; McClain et al., 1992 & 1998; Hooker et al., 1992; Rocchio, 2010)
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2.3.1 Coastal Zone Color Scanner (CZCS)
NASA’s Coastal Zone Color Scanner (CZCS), in operation from 1978 to 1986, was the first
satellite ocean color sensor designed specifically to observe biological productivity in the
world’s oceans (McClain et al., 1998). With just three available visible-spectrum bands centered
at 443, 520 and 550 nm, the most widely accepted CZCS chlorophyll detection model is the
global process-switching (GPs) algorithm (Gordon et al., 1983; O’Reilly et al., 1998). The GPs
model uses the ratio of Lw(443 nm)/Lw(550 nm) to detect chlorophyll concentrations below 1.5
µg L-1, then shifts to Lw(520 nm)/Lw(550 nm). This model allowed for estimation of pigment
concentrations to ±40% in Case I waters (Gordon et al., 1983). Gitelson et al. (1996) later used
this same band combinations to detect chlorophyll in the Southeastern Mediterranean, obtaining
a correlation coefficient, R2 >0.88 between measured and CZCS predicted chlorophyll. The
CZCS was mostly successful at mapping the distribution of phytoplankton in Case I waters,
however, it had limited utility in Case II waters (McClain et al., 1998).

Some researchers have attempted to retroactively recalibrate CZCS datasets with historical in
situ chl-a measurements for Case II waters. Kopelevich et al. (2002) derived CZCS algorithms
using regression analysis between archived CZCS data and available shipboard sampling data
collected in the Black Sea between 1978-1986. Although Kopelevich et al.’s findings did not
meet the established statistical critereia for contemporary ocean ocean color sensors (O’Reilly et
al., 1998), the retroactively developed CZCS algorithm was considered acceptable for detailed
spatial and seasonal patterns of algae in the Black Sea observed two decades prior.
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2.3.2 Sea-viewing Wide Field-of-View Sensor (SeaWiFS) and Moderate Resolution
Imaging Spectroradiometer (MODIS)
With lessons learned from the CZCS, improvements were made to the Sea-viewing Wide Fieldof-View Sensor (SeaWiFS), launched in 1997 aboard NASA’s SeaStar (OrbView-2) satellite.
SeaWiFS continues to collect data for ocean characteristics on a near-daily basis with a spatial
resolution of 1,130 m (McClain et al., 1992), 8 spectral bands in the region of 402 to 885 nm,
and improved radiometric sensitivity (Hooker et al., 1992) compared to the CZCS. The Moderate
Resolution Imaging Spectroradiometer (MODIS), launched in 2002 aboard NASA’s EOS Aqua
and Terra satellites, also updates on a near-daily basis with higher spectral resolution, utilizing
36 bandwidths, which operate at spatial resolutions of 250 m, 500 m or 1,000 m (Jensen, 2007).

The ocean color (OC) algorithms were originally developed for SeaWiFS and later for MODIS,
over Case I waters using NASA’s Bio-Optical Marine Algorithm Data, a global in situ chl-a
dataset (O’Reilly et al., 1998; 2000). The simplest of the models involves single or multiple band
wavelength signals. An example is the OC2 model, a modified cubic polynomial function which
uses the ratio of two bands Rrs(490 nm/555 nm).

The more advanced OC3 and OC4 models for MODIS and SeaWiFS, respectively, use
maximum band ratio (MBR) algorithms, considered to be the most complex of the empirical OC
algorithms (Jensen, 2007). Similar to the CZCS GPs model, MBR algorithms are designed to
shift to different band reflectance ratios based on the highest value achieved between three
visible band values to the 555 nm band [Rrs (λ nm/555 nm)], which accounts for the fact that
reflectance signals change with increasing chl-a densities (O’Reilly et al., 1998). The MBR
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models shift from Rrs(443 nm/555 nm) to Rrs(490 nm/555 nm) to Rrs(510 nm/555 nm) as chl-a
concentration increases, as shown below:
=

(

)

(2.3)

where:
]

]
]

The OC algorithms were empirically derived using globally distributed in situ measurements,
which results in descriptions of chl-a concentrations as mean trends over a global range, but not
necessarily applicable to patterns at the regional scale (Werdell et al., 2009). The OC models,
therefore, produced accurate results in Case I waters but not for most Case II waters. A common
approach used to develop regional bio-optical algorithms for Case II waters involves
recalibrating conventional Case I models (such as the OC4 algorithm) with ground
measurements from Case II waters. These empirically based, site-specific algorithms are usually
not applicable to other areas and datasets (Cracknell et al., 2001).

Modified versions of the OC algorithms have been applied to several regions. Hyde et al. (2007;
2008) modified the OC4 algal production model for use in Massachusetts Bay using a suite of
SeaWiFS data and a large in situ dataset collected between 1998 and 2005. They found that
SeaWiFS OC4 overestimated chl-a concentrations for Massachusetts Bay and they developed a
localized empirical correction scheme, based on type II linear regression between the OC4 model
predictions and in situ measurements, to more accurately characterize seasonal phytoplankton
blooms in the Bay (Hyde et al., 2007). As noted in the article, the uncertainty of SeaWiFS OC4
11

chl-a predictions in Massachusetts Bay was likely due to the low spatial resolution of the satellite
(Hyde et al., 2007). The 1.1 km resolution of SeaWiFS is not suited for the small-scale, highfrequency variability of phytoplankton in coastal waters.

In Chesapeake Bay, Werdell et al. (2009) used both SeaWiFS and MODIS data in conjunction
with in situ measurements to model algal production patterns for a decade-long period. They
evaluated the standard OC3 and OC4 algorithm and similarly found that chl-a results were
positively biased, giving median satellite-to-in situ ratios of 1.30 for SeaWiFS and 1.69 for
MODIS. Harding et al. (2005) and Signorini et al. (2005) evaluated the SeaWiFS OC algorithms
in Chesapeake Bay and found the ratios of 1.97 and 1.24, respectively, using a shorter timeseries dataset. Werdell et al. (2009) found the overestimation of chl-a throughout Chesapeake
Bay using the OC4 algorithm especially at the lowest concentrations of chl-a. The accuracy was
most hindered in areas closest to the Bay’s main riverine inputs where optical complexity is
highest.

The combination of SeaWiFS and MODIS can be used to construct a continuous time series of
chl-a monitoring because of their high temporal resolution (1-2 days each). Becker et al. (2006)
used SeaWiFS and MODIS imagery collected over three years to map the annual re-occurrence
of algal blooms as well as unique bloom events in the lower Great Lakes. They processed
approximately 120 SeaWiFS scenes from 2003 and 2004, and 20 MODIS scenes from 2004
using SeaDAS software and specific algorithms tuned to the spectral properties of each sensor
(OC4 for SeaWiFS and OC3 for MODIS) (Becker et al., 2006). The results used an assemblage
of time series images from MODIS and SeaWiFS, which allowed for better temporal coverage.
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2.3.3 Landsat
NASA’s Landsat satellite series, started in 1972, was the first program specifically intended for
remote sensing of the Earth’s environmental features. Earlier generations of Landsat satellites
were equipped with Multispectral Scanners (MSS), an optical sensor with four different spectral
bands. Starting with Landsat 4, launched in 1982, the more advanced Thematic Mapper (TM)
sensor provided seven spectral bands ranging from visible to thermal infrared regions. The latest
generation, Landsat 7 carries the Enhanced Thematic Mapper Plus (ETM+), with the same seven
bands as the TM sensor and an added panchromatic band.

The currently operational Landsat 5 TM and Landsat 7 ETM+ sensors have revisiting times of 16
days (Rocchio, 2010), making them less ideal for rapid detection and continuous monitoring of
algal blooms. However, the high spatial resolutions of each sensor (30 m) and their multispectral
capabilities allow for detailed analysis of optical features in smaller water bodies, such as inland
lakes. Also, because the two satellites have alternating revisit times, they could be used in
combination to provide results every 8 days (Vincent et al., 2004).

In most studies, empirical chl-a algorithms for Landsat TM are mostly developed using the
reflectance bands 1 (450-600 nm - blue), 3 (630-690 nm - red), and sometimes band 2 (520-600
nm - green) (Hellweger et al., 2004; Sass et al., 2007). For Landsat TM imagery of Case 2
waters (excluding high sediment areas) Ekstrand (1992) had the best results using the ratio of
TM band 1 and the logarithm of TM band 3 (red), resulting in the following chl-a estimation
model for a region on the Swedish coast of the Baltic Sea:
Chl-a (µg L-1)= 116.78 + - 31.19(TM1 / (log TM3 +1)
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(2.3)

where TM1 and TM3 are reflectance values from Landsat TM bands 1 and 3, respectively. The
coefficient of determination (R2) between in situ measurements and the Landsat TM model was
0.69 (Ekstrand, 1992). Liu et al. (2006) found better results using a step-wise linear regression
chl-a model for a eutrophic lake in China. Liu et al.’s (2006) empirical algorithm used Landsat
TM bands 1 and the ratio of TM bands 3 to 2, resulting in a high correlation (R2 = 0.86) between
in situ measurements and their satellite retrievals. These exceptional results may be due to the
fact the Landsat TM imagery used for this study had little atmospheric interference (Liu et al.,
2006).

Stadelmann et al., (2001) recommends a time gap between overpass and field measurement of
±1-2 days to derive good predictive chlorophyll values from satellite images to estimate trophic
status of inland waters. Secchi disk transparency (SD) measurements can be used to develop
Trophic State Index (TSI) (Carlson, 1977) estimation models when there are longer time-gaps
between in situ measurement and satellite overpass since SD values are also considered to
remain more constant over time than Chl-a, which is important when using Landsat data with
less frequent temporal resolution (Álvarez-Robles et al., 2006). Álvarez-Robles et al. (2006)
developed a TSI prediction model for Landsat 5 TM data over 42 reservoirs in the Ebro Basin,
Spain, where water quality parameters show high spatial heterogeneity. Eight Landsat 5 TM
images with low cloud-cover (<20%) were related with in situ SD measurements using the TSI
prediction algorithm with a forward stepwise multiple regression analysis based on reflectance
values from blue (TM1) and green (TM2) bands:
TSI = 286.63(TM2) – 2.40(TM1/TM2) + 39.31
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(2.4)

Despite a long lag time between in situ measurements and satellite overpass (less than 20 days),
there was a strong correlation (R2 = 0.72) between satellite spectral measurements and SD data
(Álvarez-Robles et al., 2006).

2.3.4 The Medium Resolution Imaging Spectrometer (MERIS)
The Medium Resolution Imaging Spectrometer (MERIS), launched aboard the Eurpoean Space
Agency (ESA)’s Envisat satellite in 2002, operates with 15 programmable spectral bands in the
visible and near infrared regions with a spatial resolution of 300 m and a revisiting time of one to
three days. MERIS’s primary mission is to monitor ocean color, chl-a and other suspended
matter in Case I and Case II waters (European Space Agency, 2006) and it is frequently used for
coastal algal monitoring programs.

MERIS chl-a retrievals are often compared with MODIS retrievals. An algal bloom detection
service for European waters, as part of the Marine and Coastal Environmental Information
Service (MARCOAST) project, uses MERIS and MODIS data to produce daily maps of blooms
(Park and Ruddick, 2010). The detection procedure compares separate daily chl-a retrievals from
MERIS and MODIS to a previously established algal bloom threshold map, with varying
threshold levels in different regions based on site-specific algal growth patterns and bloom
frequency. In this detection program, MERIS chl-a retrievals were based on two algorithms,
including a blue-green band ratio algorithm used for Case I waters and a neural network
algorithm designed for Case II waters, whereas the MODIS chl-a retrievals were based on
O’Reilly et al.’s OC3 algorithm (2000). Using this framework algal blooms were detected in
three optically distinct European waters: the Belgian coastal zone, western Channel and the
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Baltic Sea. Linear regression analysis for 2005 retrievals showed high correlation between
MERIS and MODIS chl-a products (R2 = 94%) for moderate chl-a concentrations. MERIS
retrievals were generally more accurate than MODIS for areas with high chl-a concentrations,
especially in turbid and coastal waters (Park and Ruddick, 2010).

Moses et al. (2009) also found superior MERIS chl-a retrievals compared to MODIS results for
Case II inland reservoirs in Ukraine and Russia using algorithms based on near-infrared (NIR)
and red bands, originally developed by Dall’Olmo and Gitelson (2005) and Gitelson et al.
(2007). The MERIS spectral channel centered at 708 nm was found to better represent the chl-a
reflectance peak in the NIR than MODIS’s channel at 748 nm, giving more accurate results for a
two-band NIR-red model for MERIS.

2.4

Harmful Algal Bloom Detection

Harmful Algal Blooms (HABs) are increasing in frequency and diversity worldwide (Sellner et
al., 2003). In marine systems, examples of HABs include blooms of the diatom Pseudo-nitzschia
(known to cause amnesic shellfish poisoning), which have increased in the coastal waters of
Louisiana and are strongly correlated with nitrogen loading in the Mississippi River (Sellner et
al., 2003; Parsons et al., 2002). The dinoflagellate Karenia brevis produces a toxin responsible
for neurotoxic shellfish poisoning (NSP), fish kills, and respiratory irritation for people along the
southwestern coast of Florida (Stumpf et al., 2009). Red tides are a regular problem in the Gulf
of Maine (Townsend et al., 2001), where blooms of the dinoflagellate Alexendrium fundyense known to cause paralytic shellfish poisoning (PSP) - lead to regular closures of shellfish beds
and significant economic losses. The frequency of HABs off Chinese coasts in recent decades is
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linked to rapid economic growth and development in the region since the 1980s (Wei et al.,
2007).

Cyanobacteria (also known as blue-green algae), are one of the common types of HABs in
freshwater, saltwater and brackish environments. In the northeastern U.S., cyanobacteria occur
frequently in the Great Lakes (Vincent et al., 2004; Makarewicz et al., 2006) and Lake
Champlain (Watzin et al., 2006). Cyanobacteria can produce cyanotoxins, which present a
variety of water treatment problems and hazards to human and animal health (NRA 1990;
Ferguson et al. 1996). A famous example of cyanobacteria contamination occurred in Brazil,
when 60 people were poisoned after drinking water containing by microcystin, a toxin produced
by the Microcystis cyanobacteria species (Pouria et al., 1998). Most freshwater algal blooms are
strongly correlated with phosphorus loading, rather than nitrogen loading in marine blooms.
This is a reflection of the limiting nutrients characteristic to each type of system.

Traditional detection of HAB species requires direct observation, identification and enumeration
by light microscopy. Such methods provide accurate results for algal speciation and relative
population abundances, however, such analyses are time-consuming and limit their use for rapid
detection of HABs (Sellner et al., 2003). New automated in situ technologies, including flow
cytometers and photographic image processers, can be trained to identify characteristics of HAB
cells for real-time monitoring, though the challenge of synoptic measurement remains (Sellner et
al., 2003).
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For quantifying cyanobacterial blooms, traditional shipboard sampling techniques are limited
due to the nature of cyanobacteria (Kutser, 2004). Conventional sampling methods assume
uniform distribution of algal cells in the water column, but cyanobacteria blooms are often
concentrated at a specific depth in the water column and tend to form surface scums. This natural
structure of cyanobacteria is easily destroyed by research vessels and cannot provide accurate
measurements unless special precautions are taken to protect the algal community’s structure
(Kutser, 2004).

HAB characterization using satellite data is an emerging field in remote sensing. Some spectral
characteristics of algal pigments specific to species found in HABs allow for potential satellite
delineation (Schofield et al., 1999). This information would be useful for large-scale HAB
monitoring efforts, but at present, satellite image processing is mostly limited to the
identification of broad groups. Without the use of fluorescence or ultra-violet light, which could
yield defining characteristics, speciation of algal blooms based on remotely sensed optical
signatures is difficult (Cracknell et al., 2001).

Phycocyanin, an accessory pigment to chlorophyll in cyanobacteria, can be used to measure the
amount of cyanobacteria in both inland and coastal waters (Makarewicz et al., 2006). Previous
literature has established a distinctive reflectance minimum in the phycocyanin pigment at 625
nm, which differs from the reflectance profile of chl-a (Richardson and LeDrew, 2006). In the
Baltic Sea, Metsamaa et al., (2006) used a lab-based spectrophotometer and a six-channel (440,
470, 510, 590, 620, 670 nm) backscattering sensor to show that cyanobacteria have a
characteristic double feature in their reflectance profile, including the reflectance minimum near
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625 nm and a reflectance peak near 650 nm. However, the unique double feature would be only
detectable at high chl-a concentrations (i.e. chl-a >8-10 µg L-1) (Metsamaa et al., 2006).

Several remote sensing studies have successfully used the spectral characteristics of phycocyanin
pigments to delineate HABs from non-toxic phytoplankton blooms. Vincent et al. (2004)
successfully used Landsat TM and ETM+ data to assess the concentration and spatial distribution
of cyanobacteria blooms in Lake Erie. A step-wise linear regression was used to develop
phycocyanin detection algorithms using in situ measurements collected in the summer of 2000. It
was concluded that the spatial and spectral resolutions of Landsat TM and ETM+ data were
sufficient to measure phycocyanin concentrations in Lake Erie and parts of adjoining tributaries
(Vincent et al., 2004), however, both Landsat sensors lack band information at 625 nm, which
would be required for optimal phycocyanin detection.

Becker et al. (2009) derived

cyanobacteria abundances from MODIS data in the lower Great Lakes using a quasi-analytical
algorithm followed by a non-negative least square algorithm, using published absorption spectra
for chl-a, phycocyanin, CDOM and suspended sediments. Becker et al.’s cyanobacteria detection
model was then verified by comparing results to in situ measurements. Though MODIS’s
relatively low spatial resolution limits this model to larger water bodies, high temporal resolution
and accuracy of the sensor demonstrated how the approach could be applied to the application of
a rapid detection and warning system for cyanobacteria blooms in the region (Becker et al.,
2009).

Many operational HAB monitoring programs include remote sensing as a component of their
detection systems, however, HAB-specific remote sensing algorithms are often lacking and
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satellite detection is mainly used as a preliminary means to observe the occurrence of harmful
blooms. Most studies have used satellite imagery to detect indicators of HABs, including
abnormally high concentrations of chl-a (referred to as ‘chl-a anomalies’), rather than detecting
HAB species directly. A current HAB forecasting system off the west Florida shelf uses
SeaWiFS imagery to detect the location of chl-a anomalies as a first step in identifying HAB
species (Stumpf et al., 2009). Once SeaWiFS chl-a anomalies are identified in blooms, a rulebased model that incorporates temperature and wind conditions is used to determine the
likelihood that the SeaWiFS delineated patches of increased chlorophyll represent HABs, which
is later confirmed with field measurements (Stumpf et al., 2003; Hu et al., 2005; Stumpf et al.,
2009). Luerssen et al. (2005) showed the utility of satellites to monitor large scale red tide events
by successfully correlating remotely sensed sea-surface temperature (SST) measurements to A.
fundyense cell densities and tracked the transport of the dinoflagellates with coastal currents in
the Gulf of Maine. Though satellite measurements of chl-a anomalies and SST can provide
many important indicators of HABs, direct species identification remains a challenge in remote
sensing.

2.5

Emerging Research

Most of the empirical chl-a models have utilized visible band ratios (blue, green and red) but
recent efforts have focused on applying algorithms that use data from the near-infrared (NIR)
portion of the spectrum for more accurate retrievals over Case II waters (Werdell et al., 2009). In
turbid and productive waters, NIR-red band ratio algorithms are potentially more effective than
blue-green ratio algorithms because they avoid overlapping and uncorrelated light absorption
from CDOM and non-algal particles at blue wavelengths (Moses et al., 2009). Recent studies
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performed in several U.S. lakes and Chesapeake Bay show promising results (Gitelson et al.,
2007; 2008; Tzortziou et al., 2007). However, many challenges remain for establishing effective
NIR-red models. Because water-leaving radiance is generally low in the NIR region, the
accuracy of NIR-red models are highly dependent on proper atmospheric correction to ensure
sufficient NIR signal reaches the satellite (Moses et al. 2009). Current atmospheric correction
techniques are generally not precise enough to apply NIR-red models in most Case II regions but
there is great potential for the application of these models using MERIS and MODIS datasets
(Gitelson et al., 2008).

Empirical and semi-analytical techniques have long been the most common approaches for
developing bio-optical satellite algorithms over Case II waters, but newer, more sophisticated
computational techniques have been applied for accurate algal detection models. Neural
networks are becoming more popular for satellite water quality models in coastal and inland
waters. Pozdnyakov et al., (2005) used neural networks and an multivariate optimization
procedure that was capable of identifying chl-a, dissolved organic carbon (DOC) and other
suspended material from SeaWiFS and MODIS data in Lake Michigan. A neural network model
over a lake in China with Landsat TM visible and NIR bands correlated to in situ measurements
(R2 = 0.998, RMSE = 0.767 mg m-3) outperformed the empirical regression analysis using the
same data (R2 = 0.856, RMSE = 2.96 mg m-3) (Liu et al., 2006). Neural networks approaches
are highly complex, requiring much time to develop, and large amounts of data training for
strong performance. Other analytical methods, including support vector machines (SVMs) and
relevance vector machines (RVMs), have proven effective with smaller training data sets than
those required for neural networks (Camps-Valls et al., 2006).
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Recently, more advanced sensors have provided great advances in spatial and spectral resolution.
Hyperspectral sensors such as the Compact Airborne Spectrographic Imager (CASI) and
Hyperion provide very high spectral resolutions that allow for development of bio-optical
algorithms with numerous bands that were not possible in previous sensors. Shafique et al.
(2001) demonstrated hyperspectral measurement of chl-a, turbidity and phosphorus levels over a
river in Ohio using CASI. Giardino et al., (2007) used Hyperion over Lake Garda, in northern
Italy, to measure chl-a and other suspended constituents. High spatial resolution data such as
IKONOS and QuikBird can provide sub-meter resolutions with frequent revisit times (Huguenin
et al., 2004; Ormeci et al., 2009). Whether data from these sensors are used alone or combined
with data from other satellites, there is great potential for algal bloom monitoring applications.

2.6

Conclusion

Satellite remote sensing can provide an efficient alternative to time-consuming and costly
shipboard algal monitoring programs, especially in areas that were previously inaccessible.
Archived satellite images can provide estimations of time series of algal propagation (ÁlvarezRobles et al., 2006) and their temporal frequency may allow for the application to rapid-response
systems during the onset of seasonal algal blooms or HABs.

Satellite algal production models have been well-established in the last three decades; however,
there is still much work to be done in calibrating algorithms at local scales in coastal and inland
waters. Regionally specific types of optical interference from materials unrelated to
phytoplankton in the water column and the need for advanced atmospheric correction schemes
continue to present the biggest challenges to accurate satellite quantification of algal blooms in
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Case II waters. The development of accurate algal detection models and the advancement of new
sensors with higher spectral, spatial and temporal resolutions will improve remote delineation of
algal species, allowing for informed resource management decisions and prioritization of
monitoring efforts to minimize the risk of human and animal exposure to toxic HABs.

2.7
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3. Remote Sensing of Cyanobacterial Blooms

3.1

Introduction

Harmful algal blooms (HABs) are of significant concern for freshwater resources due to the
threats they pose to human and aquatic ecosystem health. In particular, cyanobacterial algal
blooms have become one of the most common contributors of HABs in freshwater systems,
linked to factors ranging from local anthropogenic impacts to global climate change (Paerl et al.,
2011; O’Neil et al., 2011). Some cyanobacteria species produce cyanotoxins, which can be
hazardous to animals and humans. According to the World Health Organization (WHO)’s alert
level framework for the presence of cyanobacteria in drinking water, a cyanobacteria biovolume
of 0.2 mm3 L-1 or greater represents a moderate to high risk of adverse human health effects
(Chorus and Bartram, 1999).

In addition to potential cyanotoxin exposure, cyanobacterial

blooms pose a variety of water treatment problems, including foul taste and odor (NRA, 1990;
Ferguson et al., 1996; Makarewicz, et al., 2006).

Many factors are known to influence cyanobacterial bloom propagation, including weather and
available phosphorus (Smith, 1986; Watzin et al., 2006; O’Neil et al., 2011), yet the real-time
drivers that spur HABs are poorly understood (LCBP, 2006; Ndong et al., 2010).

The

occurrence, intensity and duration of blooms are often difficult to predict, requiring frequent
monitoring over the entire water body to inform public health alerts of potential risks associated
with recreational uses and drinking water treatment.
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The objective of this study is to develop remote sensing model to detect algal and cyanobacterial
bloom distributions in Lake Champlain using Landsat ETM+ satellite data. Landsat ETM+ data
is well-suited for monitoring algal blooms over Lake Champlain because of its relatively high
spatial resolution, allowing for measurements of small embayments which tend to have the most
problems associated with eutrophication and HABs. This study will demonstrate the utility of
remote sensing models in lake management programs. The approach will provide effective
monitoring of algal blooms and cyanobacteria in lakes allowing for spatial comparison between
chl-a and cyanobacteria concentrations, time-series analysis of bloom propagation, and spatial
analysis of the model results in the context of adjacent watershed features. Moreover, it will
provide a foundation for modeling to find the major drivers and for implementing management
strategies.

3.2

Background

3.2.1 Study Area
Lake Champlain is the sixth largest lake after the Great Lakes in the northeastern U.S. and an
important resource to the States of Vermont, New York and the Province of Quebec, Canada,
providing a drinking water source to approximately 200,000 people living in the surrounding
basin (LCBP, 2006; USEPA, 2011). Situated between the Green Mountains of Vermont and the
Adirondack Mountains of New York State, the Lake covers a surface area of roughly 435 miles2
reaching a depth of 400 ft near the center. On average, the Lake holds 6.8 trillion gallons of
water as it flows northward from Whitehall, New York to its northern outlet in the Richelieu
River, Quebec. The Lake Champlain watershed drains a land area of approximately 8,234 sq.
miles2 including nearly half of Vermont (Figure 3.1) (LCBP, 2006).

29

Quebec

NY

VT

Figure 3.1 The location of the Lake Champlain watershed (GIS data obtained from the Vermont
Center for Geographic Information, VCGI).

Lake Champlain has long been impaired by excess phosphorus loadings, which have
significantly increased in the last two decades. Although there are currently 98 wastewater
treatment facilities in the Lake Champlain Basin, phosphorus loading is mainly attributed to nonpoint source pollution, including terrestrial runoff from agricultural, residential and urban areas
in the watershed (Smeltzer, et al., 2008). As a result the lake experiences increased eutrophic
conditions and frequent HABs. In the lake, Missisquoi Bay and St. Albans Bay (Figure 3.2) are
known to experience the highest levels of eutrophication and HABs on a yearly basis. These two
bays are located in the northeastern portion of the Lake and flow south into the Lake’s Northeast
Arm. This region is also called the Inland Sea due to its geological separation from the main part
of the Lake, which drains northward to the Richelieu River in Quebec. The two bays are
relatively shallow (Missisquoi Bay is approximately 16 ft at its deepest point while St. Albans
Bay reaches a depth of 23 ft) and they receive high nutrient loads from surrounding agricultural
and urban areas. The problem is most prevalent in Missisquoi Bay, where mean phosphorus
30

loading was estimated at 188 million ton per year for 2002-2005, while baseline measurements
in 1991 estimated a loading rate of 167 million ton per yr.

Both values are well above

Missisquoi Bay’s target load of 97 million ton per year, established by the Lake Champlain
Phosphorus TMDL in 2002 (Vermont DEC and New York State DEC, 2002).

Figure 3.2 Vermont DEC long-term monitoring station locations in Lake Champlain (Vermont
DEC and New York State DEC, 2010; Lake Champlain GIS data obtained from the Vermont
Center for Geographic Information, VCGI).
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Cyanobacteria monitoring efforts have increased in Lake Champlain as the occurrence and health
risks associated with cyanobacteria have gained public awareness. The poisoning of two dogs
was attributed to direct ingestion of lake water contaminated with cyanotoxins in 1999 (Watzin
et al., 2006). Shortly after, the Lake Champlain Basin Program (LCBP) began additional
sampling to investigate the occurrence and nature of potentially toxin-producing cyanobacteria
(LCBP, 2006).

As part of the Lake Champlain Long-Term Water Quality and Biological Monitoring Program
(LTMP), ship-based water quality and biological samples (e.g. chlorophyll a) have been
collected on a bi-weekly basis at 15 lake sampling stations since 1992 (Figure 2). The LTMP
began collecting net phytoplankton and zooplankton tows in 2006. The species composition of
each phytoplankton tow is reported in terms of cell density (cells L-1) and biovolume (µm3 L-1),
including totals for cyanobacteria (Vermont DEC and New York State DEC, 2010).

The

program’s current objectives include the detection of long-term environmental change in the
Lake and the effects of management actions, among others. The project is operated by a
partnership between Vermont and New York State agencies, with support from the Lake
Champlain Basin Program (LCBP) and neighboring universities. Data from the program’s 19year archive is freely available at the LTMP website (Vermont DEC and New York State DEC,
2010).
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3.2.2 Cyanobacterial Bloom Detection
Chl-a has been widely used as a proxy to measure phytoplankton biomass (Carlson, 1977;
Coskun et al., 2008). Chl-a in algae-laden water exhibits four distinct reflectance/absorption
features, including: 1) high absorbance of blue light between 400 and 500 nm; 2) a reflectance
peak in the green region at approximately 550 nm; 3) strong absorption of red light near 675 nm;
and 4) a pronounced reflectance peak between 690 and 700 nm (Jensen, 2007). Landsat ETM+
visible bands are relatively broad, but the first three bands are capable of capturing the optical
signatures of photosynthetic pigments (Ekstrand, 1992; Sass et al., 2007).

Phycocyanin, an accessory pigment to chlorophyll, has been used to detect cyanobacterial
species (Vincent et al., 2004; Simis et al., 2005; Gons et al., 2005; Makarewicz et al., 2006;
Metsamaa, et al., 2006; Randolph et al., 2008; Becker, et al., 2006 and 2009). Phycocyanin
exhibits unique spectral characteristics with a reflectance minimum near 625 nm, yet Landsat
TM and ETM+ data lack the spectral resolution needed to detect this feature.

3.3

Materials and Methods

3.3.1 In Situ Field Measurements
The

field

sampling

data

were

obtained

from

the

Vermont

DEC

LTMP

(http://www.anr.state.vt.us/dec/waterq/lakes/htm/lp_longterm.htm). Four years of measurements
between 2006 and 2009 were used, including chlorophyll a (chl-a), Secchi depth (SD) and net
phytoplankton including specific counts of cyanobacteria biovolume and cell densities from the
15 long-term monitoring stations spread throughout Lake Champlain (Figure 2).
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All algae and cyanobacteria samples in the LTMP dataset were collected from the photic zone of
the lake (defined as twice the Secchi depth at the time of sampling) (Vermont DEC and New
York State DEC, 2010). Each chl-a sample was collected as a vertically integrated composite of
the photic zone, while net phytoplankton and cyanobacteria biovolumes were sampled by a
vertical tow of the upper three meters of the water column (Vermont DEC and New York State
DEC, 2010). All algae and cyanobacteria samples were analyzed at the Vermont DEC’s lab,
according to established methods described by the U.S. Environmental Protection Agency
(USEPA, 1997) the American Public Health Association (APHA, 2005) and accepted
limnological texts (Wetzel and Likens, 2000).

The LTMP dataset do not provide phycocyanin measurements, but four years of the net
phytoplankton data included specific counts of cyanobacteria biovolume and cell densities.
Therefore, we attempted to develop a remote sensing model based directly on the net
cyanobacteria measurements in addition to chl-a.

3.3.2 Acquisition and Pre-Processing of Landsat ETM+ Data
A total of nine Landsat ETM+ images of Lake Champlain (Path 14, Row 29) were obtained from
the U.S. Geological Survey (USGS) Earth Resources Observation and Science (EROS) Center
(http://glovis.usgs.gov, http://earthexploere.usgs.gov). In 2003 a hardware component failed on
Landsat 7 and the ETM+’s scan line corrector (SLC) went offline, leaving wedge-shaped data
gaps in the sensor’s images. The ETM

continues to operate in SLC-off mode, producing

wedge-shaped gaps that miss about 25 percent of the data in each scene (Rochio, 2010). Though
the width of the SLC-off gaps increase toward the outer edges of each ETM+ image, most of
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Lake Champlain is unaffected because of its location along the center of Landsat 7’s flyover
path.

Similar remote sensing studies recommend a time window of ±1-2 days between satellite
overpass and field measurements to ensure accurate algae detection (Stadelmann et al., 2001).
The composition of algal blooms are known to be highly changeable in Lake Champlain, due to
the effects of wind and precipitation, and therefore, the satellite overpass time window was
limited to ±1 day from the date of field sampling to establish coincident pairs. Because the
period between July 20th and October 10th was associated with the highest cyanobacteria levels,
the satellite images from this period were used to be calibrated and validated with coincident
pairs of the four-year LTMP dataset.

All Landsat images were processed with ENVI (ITT®). Reflective band data in the prescreened
images was converted to exoatmospheric (or ‘top-of-atmosphere’) reflectance before model
development. This conversion step allows for standardized comparison of data between multiple
images from different days (Chander et al., 2009).

Based on literature, atmospheric correction over similar lakes can result in errors as high as 15%
(Pozdnyakov et al., 2005). The images selected for this study met the requirement of having
little to no cloud cover to ensure minimal atmospheric interference during model development.
Each of the Landsat ETM+ images were prescreened for clouds and haze by inspection under
different color enhancements, and only clear-sky coincident pairs were used for the final models.
Though this approach limited the number of usable Landsat 7 flyover days, it was appropriate to
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the scope of this project and it minimized the uncertainty and complexity involved in
atmospheric correction. Since the models developed in this study were based of clear-sky
images only, future model predictions would be also limited to clear-sky areas of the lake for
given Landsat ETM+ flyover.

Coincident pairs were extracted from the six multispectral Landsat ETM+ bands (Rλ), excluding
thermal and panchromatic bands, using ArcGIS (ESRI®) software. Previous literature suggests
using the mean value of Landsat reflectance from a window size of 5-by-5 pixels to minimize the
effects of satellite signal noise and account for patchiness in algae (Ekstrand, 1992). This was
confirmed in our study by comparing three different window sizes: 5-by-5, 3-by-3 and the
nearest-pixel, to find the optimal window size for extraction of coincident exoatmospheric
reflectance values.

3.3.3 Development and Validation of Remote Sensing Models
Step-wise multi-linear regression was used to develop the chl-a, Secchi depth and cyanobacteria
biovolume models using combinations of the Landsat ETM+’s single band inputs (single band
model) and non-reciprocal reflectance band ratios (band ratio model). The final chl-a and
cyanobacteria regression models were calibrated and cross-validated using coincident pairs from
the late summer bloom period (July 20th to September 10th), obtained between 2006 and 2009.
One-third of the coincident pairs were randomly selected out of both the chl-a and cyanobacteria
datasets for cross-validation, leaving the rest as training data for model development. A total of
34 and 20 clear-sky coincident pairs were collected and used to develop the final chl-a and
cyanobacteria models, respectively, in the four-year study period. The Secchi depth (SD) models
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were developed with 14 coincident pairs collected in 2006, and validated using 5 coincident pairs
from 2007.

The best single band and band ratio models were selected based on four criteria: 1) acceptable pvalues (< 0.05) for each of the model’s predictor coefficients; 2) the highest R2 achieved with
training data; 3) performance of the model using the cross-validation dataset; and 4) overall
performance of the model using the entire four-year dataset.

3.4

Results and Discussion

3.4.1 Analysis of the LTMP dataset
Time series analysis of LTMP cyanobacteria biovolume measurements from 2006 to 2009
revealed a period of rapid increase in bloom propagation starting around the middle of July in
each year, with blooms becoming most intense between late-July and mid-October (the latter half
of the field season). The onset of cyanobacterial blooms in the late-summer to early-fall period
was especially prevalent in Missisquoi and St. Albans Bays. While chl-a levels fluctuated more
dramatically over the course of the summer, cyanobacteria blooms repeatedly reached peak
concentrations during this period and measurements surpassed the WHO’s moderate-to-high risk
alert level of 0.2 mm3 L-1 multiple times (Figure 3.3) (Chorus and Bartram, 1999). On August
12th, a chl-a sample taken in Missisquoi Bay (station 50) measured 72.9 µg L-1 while a
cyanobacteria biovolume sample collected a week later on August 20th, measured 1.64 mm3 L-1,
giving the highest in situ concentrations recorded in Missisquoi Bay between 2006 and 2009.
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Figure 3.3 LTMP cyanobacteria biovolume (mm3 L-1) measurements from 2006-2009. (a) St.
Albans Bay - Station 40 (blue), (b) Missisquoi Bay - Stations 50 and 51 (red and green,
respectively).

Analysis of the four-year LTMP dataset showed a linear relationship between cyanobacteria
biovolume and chl-a at high concentrations (i.e. chl-a > 5-7 µg L-1, cyanobacteria biovolume
>0.05 mm3 L-1). The trend was less significant between cyanobacteria cell density and chl-a
(Figure 3.4). This finding highlights the utility of chl-a as an indicator of cyanobacterial blooms
during the late-summer to early-fall period in Lake Champlain.
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Figure 3.4 Relationship between lakewide LTMP coincident measurements of chl-a and
cyanobacteria samples in the 2006-2009 dataset: (a) Chl-a versus cyanobacteria biovolume, (b)
chl-a versus cyanobacteria cell density.

3.4.2 Chlorophyll a Model Results using Landsat ETM+
In line with similar studies conducted over large lakes (Ekstrand, 1992; Vincent et al., 2004; Sass
et al., 2007), the regression analyses showed that normalized exoatmospheric reflectance values
from Landsat ETM+ bands 1, 2 and 3 (RB1, RB2 and RB3, respectively) provided the most
significant information for detecting chl-a pigments during the late-summer to early-fall. The
results confirmed that regression models developed with mean reflectance from window sizes of
3-by-3 and 5-by-5 pixels outperformed the models based on the nearest neighbor pixel
(Appendix B). The statistical analysis of the best single band models showed nearly identical
performance between mean reflectance from 5-by-5 and 3-by-3 pixel window inputs, with
training set r2 of 0.76 and 0.77, respectively, and similar p-values. The best band ratio model
also had similar training set r2 of 0.78 for both window sizes, but the predictor coefficient pvalues associated with the 3-by-3 pixel window inputs were considered unacceptable compared
to result from the 5-by-5 window input. Therefore, a 5-by-5 pixel window was chosen to be the
optimal window size to extract the reflectance values for coincident pairs.
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The final chl-a models are based on combinations of single band inputs (single band model) and
combinations of band ratio inputs (band ratio model) are presented by the following equations:
Chl-a (µg L-1) = 14.37 – 685.19(RB1) + 905.94(RB2)

(3.1)

Chl-a (µg L-1) = -46.51 + 105.30(RB2/RB1) – 40.39(RB3/RB1)

(3. 2)

The single band chl-a model (Eq. 3.1) achieved an R2 = 0.76 (Figure 3.5a) with the training
dataset (n = 25) and acceptable p-values were achieved for all coefficient values. Tested against
the cross-validation dataset (n = 9), the single band model had a root-mean-square error (RMSE)
of 2.11 µg L-1 (11.68% of the in situ chl-a range).
combination of Landsat ETM

Compared to previous literature, the

bands used in this study’s final chl-a single band model is

unique. Unlike previous studies that mostly found Landsat TM or ETM+ band 3 to be the most
significant predictor of chl-a in single band models (Dekker and Peters, 1993; Lathrop et al.,
1991; Sass et al., 2007) this study found the most significance in bands 1 and 2. This finding is
likely due to the lack of atmospheric interference (which would have the greatest impact on
Landsat ETM+ bands 1 and 2) in each of the Landsat images used for model development.

As compared to the single band model, the band ratio chl-a model (Eq. 3.2) achieved an
improved R2 = 0.78 (Figure 3.5b) with the training dataset with acceptable coefficient p-values.
The model had a validation RMSE of 2.17 µg L-1 (12.00% of the in situ chl-a range).
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Figure 3.5 Actual versus predicted chl-a concentrations in Lake Champlain for the 2006-2009
training dataset (lines represent a correlation of 1:1): Performance of (a) the single band model,
(b) the band ratio model.
Based on coefficients of determination achieved with the training dataset and validation results,
the band ratio model slightly outperformed the single band model in predicting chl-a
concentrations across Lake Champlain. This could be due to the band ratio model’s ability to
maximize the effects of three distinctive optical features of chl-a. Past studies using Landsat TM
and ETM+ data have also found improved performance with band ratio models over single band
models in detecting algal chl-a, however, the combination of band ratios presented in our final
model is unique compared to previous research. Vincent et al. (2004) similarly used the ratio of
bands 3 and 1 in their chl-a prediction model but they did not use the ratio of bands 2 and 1.
Hellweger et al. (2004) used the ratio of bands 2 and 3 in their final band ratio model, yet our
results found this input to be insignificant in predicting chl-a in Lake Champlain. Figure 3.6
shows the band ratio model results compared in situ chl-a concentrations for the entire four-year
study period. The results demonstrate that the model follows the pattern of algal blooms,
although model estimates sometimes missed the peak concentrations.
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Figure 3.6 Comparison of in situ chl-a concentrations (gray) and band ratio model results
(black) across Lake Champlain for 2006-2009.

3.4.3 Cyanobacteria Model Results using Landsat ETM+
The results confirmed that the same combinations of single bands and band ratios used in the
final chl-a models were also most significant in predicting cyanobacteria biovolume. The
cyanobacteria models are presented by the following equations:
Cyanobacteria (mm3 L-1) = 0.2355 – 10.89(RB1) + 13.35(RB2)

(3.3)

Cyanobacteria (mm3 L-1) = -0.6858 + 1.616(RB2/RB1) – 0.8025(RB3/RB1)

(3.4)

Though the single band cyanobacteria model (Eq. 3.3) achieved a fairly high R2 = 0.75 (Figure
3.7a) with the training dataset (n = 13), the p-value (0.33) associated with the intercept
coefficient was deemed unacceptable.

The band ratio cyanobacteria model (Eq. 3.4) had

improved results with an R2 = 0.81 (Figure 3.7b) among training data and acceptable p-values for
all coefficient values. The model had a validation RMSE of 0.0288 mm3 L-1 (13.57% of the in
situ range).
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Figure 3.7 Actual versus predicted cyanobacteria biovolumes in Lake Champlain for the 20062009 training dataset (lines represent a correlation of 1:1): Performance of (a) single band
model, (b) the band ratio model.
Based on the higher coefficient of determination and acceptable statistical p-values, the band
ratio model was selected as the best cyanobacteria biovolume model. Generally, the model
performed well at detecting cyanobacteria biovolumes above 0.05 mm3 L-1 although the model
prediction at lower concentrations is not as good, sometimes predicting negative concentrations
when in situ levels fell below 0.01 mm3 L-1 (Figure 3.8).
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Figure 3.8 Comparison of in situ cyanobacteria biovolumes (gray) and Landsat ETM+ band ratio
model results (black) across Lake Champlain for 2006-2009.
Compared to previous studies that used Landsat TM and ETM+ models for phycocyanin
detection, the final cyanobacteria biovolume models presented in this study are distinctive in the
use of bands 1 through 3. The phycocyanin models presented by Vincent et al. (2004) used
inputs of bands 1, 3, 5 and 7 for their single band model, and six inputs for their band ratio
model, including the ratios: band 3/1; band 4/1; band 4/3; band 5/3; band 7/3 and band 7/4.
Though our models used simpler regression parameters, the result shows comparable
performance to Vincent’s models (single band model R2 = 0.74, band ratio model R2 = 0.78) .

3.4.4 Secchi Depth Model Results using Landsat ETM+
Based on the results of the step-wise regression performed for 2006 Secchi depth coincident
pairs, the best SD models also employed the same single band and band ratio combinations
determined for the final chl-a and cyanobacteria models. The SD models are presented by the
following equations:
44

SD (m) = 8.159 + 206.3(RB1) + -387.9(RB2)

(3.5)

SD (m) = 26.07 – 23.26(RB2/RB1) – 17.19(RB3/RB1)

(3.6)

Similar to the chl-a and cyanobacteria models, the band ratio model (Eq. 3.6) achieved the
highest correlation with an R2 = 0.81, while the single band model (Eq. 3.5) achieved an R2 =
0.76 among the training dataset (n = 14). The p-value (0.31) associated with the intercept
coefficient in the SD single band model was also determined unacceptable. As compared to
results from the training dataset, the SD band ratio model (Eq. 3.6) showed relatively poor
performance with the 2007 validation dataset (n = 5), with a validation RMSE of 2.52 m (42.0%
of the in situ SD range). The poor validation performance of the SD model is likely due to the
smaller coincident pair date range included in developing this model. Whereas, the chl-a and
cyanobacteria models were calibrated and cross-validated with four years of data, the SD models
were trained with coincident pairs from only 2006, a known high bloom year, and the SD
validation set was only based on 2007 data, a known low-bloom year. However, for the
purposes of this study, the SD model results are considered sufficient for comparison of modeled
algae concentrations and SD during 2006.

3.4.5 Landsat ETM+ Image Analysis
The final band ratio models were applied to nine Landsat ETM+ images of Lake Champlain.
Figure 3.9 shows these results focused on Missisquoi and St. Albans Bays for a high bloom event
on August 14, 2008. Chl-a and cyanobacteria levels in these bays were some of the highest
measured by the LTMP in the entire four-year monitoring dataset. The models performed well at
capturing the extent of significant algal and cyanobacterial blooms. In addition to displaying the
full spatial extent of this bloom, the image analysis results indicated the relationship between
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chl-a and cyanobacteria biovolume during a late summer bloom event. The models succeed in
providing synoptic lakewide coverage of chl-a and cyanobacteria, which cannot be provided by
field station measurements.

Figure 3.9 The map of of chl-a and cyanobacteria biovolume derived from the band ratio model
on August 14, 2008. Panel 1: Lakewide chl-a levels, Panel 2: chl-a levels in Missisquoi Bay (2a)
and St. Albans Bay (2b), Panel 3: cyanobacteria biovolume levels in Missisquoi Bay (3a) and St.
Albans Bay (3b).

Figure 3.10 shows a time series of resulting Landsat ETM+ images for chl-a, cyanobacteria, and
SD in Missisquoi and St. Albans Bays in 2006. The results demonstrate the utility of the ETM+
models for the purposes of bloom detection and monitoring.

The spatial distribution of

cyanobacteria shows similar patterns compared to the distribution of chl-a.
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(a)

(b)
Figure 3.10. 2006 time series of Landsat ETM+ band ratio model results in (a) Missisquoi Bay
and (b) St. Albans Bay between late July and early September. Chlorophyll a concentrations are
shown in the top panel and cyanobacteria biovolume are shown in the second panel for each bay.
For Missisquoi Bay, Secchi depth results are also shown in the third panel.
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In Missisquoi Bay, where the SD model was applied, the results indicate that the lowest
predicted SD depths correspond to the highest predicted chl-a concentrations (Figure 3.10a).
This could be used to find potential sources of error in the Landsat ETM+ chl-a model. SD
measurements can be affected by algae as well as turbidity in Case II waters like Lake
Champlain. Therefore, the final chl-a model might include interference from the reflectance of
turbidity in the water column. In order to validate the effect of turbidity on the remote sensing
models, field measurements should be included for further analysis, however, turbidity data has
not been collected by the LTMP since 2005.

Image results from July 24th, August 9th and August 24th, 2006, show the tendency of blooms to
aggregate along the eastern and northeastern sides of Missisquoi Bay (Figure 3.10a). This
pattern is likely due to the effects of wind and the circular shape of Missisquoi Bay, but could
also represent an area of high nutrient loading along the bay’s eastern shore. Results from St.
Albans Bay show a different dynamic of algal bloom propagation (Figure 10b). Compared to
Missisquoi Bay, the pattern of bloom growth remains fairly consistent in St. Albans Bay, starting
at the northeastern shore of the bay and expanding southward to the Northeast Arm of Lake
Champlain. However, further analysis should be conducted to understand the propagation of
algal blooms.

The spatial distribution of algal blooms can also be assessed in the context of local precipitation.
Daily precipitation data from July 10th to August 20th, 2006, was plotted from two NOAA
weather stations in the vicinity of Missisquoi and St. Albans Bays, including Enosburg Falls and
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Burlington Airport stations (Figure 3.11). The data show that a severe precipitation event
occurred between August 1st to August 3rd - by far the biggest storm from this period. The
impact of this precipitation is inferred by the change in predicted algal distribution between the
July 24th and August 9th flyovers (Figure 3.10). In particular, St. Albans Bay shows a dramatic
change in chl-a and cyanobacteria levels between these two flyovers. Before the severe storm,
chl-a and cyanobacteria levels are relatively low, with some high readings along the northeastern
shore of St. Albans Bay. However, after the storm, the model indicates high algal concentrations
spread southward across all of St. Albans Bay. The change in distribution is likely due to NPS
pollution introduced by the severe precipitation that occurred between the two Landsat 7
flyovers.

Further study using more detailed analysis of the surrounding watersheds and

hydrodynamics is needed to confirm this effect.

Landsat ETM+
Flyover

Landsat ETM+
Flyover

Daily Precipitation (inches)

1.8
1.6
1.4
Enosburg
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Figure 3.11 NOAA daily precipitation data recorded at the Enosburg Falls and Burlington
Airport weather stations between July 10th and August 10th, 2006 (Lake Champlain GIS data
obtained from the Vermont Center for Geographic Information, VCGI). Dates of Landsat ETM+
flyovers during this period are indicated.
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3.5

Conclusion

Public access to the full archive of Landsat data and the availability of environmental datasets
like the ones used in this study provide many opportunities for ecological and environmental
monitoring. The remote sensing models presented in this study were developed from coincident
field sampling and Landsat ETM+ images. The results confirm that Landsat ETM+ data can be
used to provide lakewide coverage of chl-a and cyanobacterial blooms in lakes.

Remote sensing model results as well as in situ measurements show a strong correlation between
chl-a and cyanobacteria biovolume during the late-summer to early-fall period in the four-years
studied. It was observed that chl-a concentrations above 5-7 µg L-1 were associated with
cyanobacteria dominated blooms during this period.

This indicates that high chl-a

concentrations provide is a good indicator of cyanobacteria during bloom seasons.

Our models provided a full snapshot of chl-a and cyanobacteria biovolume estimations across
the entire Lake. Time series and watershed analysis applications also demonstrated the utility of
our remote sensing models for a range of resource management issues.

Though the high spatial resolution of the Landsat ETM+ sensor allows for detailed synoptic
coverage algal blooms, Landsat 7’s 16-day revisit period places limitations on monitoring
capabilities of the models. With further research, similar models could be developed for the
Landsat 5 Thematic Mapper (TM) sensor, and the two satellites could be used in combination to
provide results every 8 days, given clear-sky conditions.
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This study demonstrates how remote sensing models can be developed to support existing lake
monitoring programs at relatively low cost. Moreover, our results serve as basis for retrospective
study when in situ data are not available and provides important information for Lake Champlain
resource management.
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4.

Conclusion

Increasing occurrences of harmful algal blooms and other effects of non-point source loading
highlight the need for improved monitoring and informed resource management actions.
Satellite models for HAB detection have been well-established; however, regionally calibrated
algorithms are lacking for coastal and inland waters. Data from several satellite programs is now
widely available, including Landsat, which allows public access to nearly 40 years of archived
data. The results presented in this project demonstrate how satellite remote sensing models can
provide an efficient alternative to shipboard monitoring programs in freshwater systems.

In this project, we attempted to develop remote sensing models based on available archived data
for Lake Champlain. The Landsat ETM+ models we developed were able to estimate chl-a and
cyanobacteria levels across Lake Champlain during the late-summer period for four years. The
models captured the extent of chl-a and cyanobacteria throughout the lake for time-series
analysis. We found that Landsat ETM+ bands 1, 2 and 3 were most significant for detecting chla and cyanobacteria. We found the highest significance with Landsat ETM+ bands 1 and 2 for
predicting HABs, which differs from previous studies that found more utility in band 3 (Sass et
al., 2007) because it is less susceptible to atmospheric scattering than bands 1 and 2. This
difference is likely due to the lack of atmospheric interference present in the Landsat images we
analyzed.

Our approach to developing algal/cyanobacterial bloom models was based on multiple day
coincident pairs allowing for the retrospective and predictive estimates of chl-a and
cyanobacteria, applicable to different days on different years. Because our approach normalized
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data for time and location throughout Lake Champlain, these models could be applied to develop
early warning or decision support systems now and in the future for Lake Champlain. Further
calibration and validation (requiring more data) could improve the accuracy.

Furthermore, our findings can be applied for similar freshwater systems in the northeastern U.S.
Lakes impaired by eutrophication and HABs can use the approaches outlined in this paper to
bolster their monitoring capabilities. The wide availability of satellite data provides many
opportunities for aquatic ecosystem research, leading to more informed water resource
management.

55

5.

Future Work

The results of this study show that remote sensing models have great potential as an alternative
to Lake Champlain’s HAB monitoring program. Though in situ data will be needed to further
calibrate and validate the models presented in this study, it is our hope that this work will provide
insight for resource managers in the Lake Champlain Basin.

The models presented in this study were developed for Landsat ETM+, one of two currently
operational Landsat sensors. The Landsat 7 revisits Lake Champlain every 16 days, which
clearly impairs its ability to rapidly detect HABs. The next logical step would be to develop
HAB detection models for the Landsat 5 Thematic Mapper (TM) sensor. Since the two satellites
have alternating revisit times, incorporating results from the ETM+ and TM sensors could give
lakewide results every eight days (under clear-sky conditions), doubling the potential temporal
resolution of the Landsat models, and allowing for retroactive analysis of an extended time
period because the available TM data archive dates to the early 1980s. Further work would also
incorporate data from other satellites, such as MERIS. Though MERIS’s spatial resolution is
nearly ten times lower than current Landsat sensors, it has a much greater temporal resolution of
three days, allowing for more regular coverage of Lake Champlain. The spatial and temporal
resolutions of the algal detection models could further be improved by fusing different sensor
images, e.g. higher spatial resolution sensors such as IKONOS and Quickbird and higher
temporal resolution sensors such as MODIS.

The synoptic coverage provided by remote sensing models provides a wealth of information on
the spatial distribution of algae throughout Lake Champlain. This information could be used to
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focus on areas most affected by nutrient loading and eutrophication, and could serve to evaluate
watershed actions, such as the implementation of best management practices.

57

Appendix A:
Multi-linear regression results and coincident pair datasets for chlorophyll a,
cyanobacteria biovolume and Secchi disk depth models

Table A-1: Multi-linear regression results for final single band Landsat ETM+ chlorophyll a, cyanobacterial biovolume and Secchi
disk depth models
Statistical Metrics
Coefficient of Determination (R 2 )
Intercept
ETM+ Band 1 Refelectance Coefficient
ETM+ Band 2 Refelectance Coefficient

Single Band Model for Chlorophyll-a

Single Band Model for

(µg L-1)

Cyanobacterial Biovolume (mm3 L-1)

0.76
value = 14.374
p -value = 0.139
value = -685.186 p -value = 0.000832
value = 905.935 p -value = 7.46E-07

0.75
value = 0.2355 p -value = 0.330
value = -10.89 p -value = 0.0389
value = 13.35 p -value = 0.00214

Band Ratio Model for Secchi Disk
Depth (m)
0.76
value = 8.159 p -value = 0.314
value = 206.3 p -value = 0.114
value = -387.9 p -value = 0.000312

Table A-2: Multi-linear regression results for final band ratio Landsat ETM+ chlorophyll a, cyanobacterial biovolume and Secchi
disk depth models
Statistical Metrics

Band Ratio Model for Chlorophyll-a
-1

(µg L )
Coefficient of Determination (R 2 )
0.78
Intercept
value = -46.506 p -value = 1.517E-07
ETM+ (B2/B1) Refelectance Ratio Coefficient value = 105.30
p -value = 1.039E-05
ETM+ (B3/B1) Refelectance Ratio Coefficient value = -40.391 p -value = 0.06345

Band Ratio Model for
3 -1

Band Ratio Model for Secchi Disk
Depth (m)

Cyanobacterial Biovolume (mm L )
0.81
value = -0.6858 p -value = 0.000122 value = 26.017
value = 1.616 p -value = 0.00722 value = -23.261
value = -0.8025 p -value = 0.0525
value = -17.189

0.81
p -value = 6.697E-06
p -value = 0.0125
p -value = 0.0987

Table A-3: Validation results for final single band and band ratio Landsat ETM+ chlorophyll a, cyanobacterial biovolume and Secchi
disk depth models (chl-a and cyanobacteria models were trained and cross-validated from the 2006-2009 dataset; Secchi disk models
were trained on 2006 data and validated with 2007 data)
Parameter
Chlorophyll a (µg L-1)
Cyanobacteria Biovolume (mm L-1)
Secchi Disk Depth (m)

ETM+ Reflectance Model In Situ Range
Single Band Model
Band Ratio Model
Single Band Model
Band Ratio Model
Single Band Model
Band Ratio Model

18.06 µg L-1

Validation Set
RMSE
2.11 µg L-1
2.17 µg L-1
-1

0.2126 mm L-1
6m

0.0269 mm L

-1

0.0288 mm L
2.44 m
2.52 m

Percent of
In Situ Range
11.68 %

Total Dataset
RMSE
2.27 µg L-1

Percent of
In Situ Range
12.57 %

12.02 %

2.21 µg L-1

12.24 %

12.65 %

0.0289 mm L-1

13.59 %

13.57 %
40.67 %
42.00 %

-1

12.73 %
24.83 %
24.67 %

0.0271 mm L
1.49 m
1.48 m

Table A-4: LTMP Chlorophyll a and Landsat ETM+ coincident pair regression input data for 2006-2009 (ETM+ band data converted
to top-of-atmosphere reflectance)
L7 Overpass Date

7/24/2006

8/9/2006

9/10/2006

8/28/2007

8/14/2008

8/17/2009
9/2/2009

Station
16 - Shelburne Bay
21 - Burlington Bay
25 - Malletts Bay
51 - Missisquoi Bay Central
40 - St. Albans Bay
50 - Missisquoi Bay
51 - Missisquoi Bay Central
19 - Main Lake
21 - Burlington Bay
25 - Malletts Bay
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
46 - Isle LaMotte (off Rouses Pt)
50 - Missisquoi Bay
51 - Missisquoi Bay Central
04 - South Lake A
25 - Malletts Bay
33 - Cumberland Bay
07 - Port Henry Segment
09 - Otter Creek Segment
19 - Main Lake
34 - Northeast Arm
40 - St. Albans Bay
16 - Shelburne Bay
21 - Burlington Bay
36 - Isle LaMotte (off Grand Isle)
25 - Malletts Bay
46 - Isle LaMotte (off Rouses Pt)
50 - Missisquoi Bay
51 - Missisquoi Bay Central

Key:
Validation samples are shaded yellow
Training samples have no fill

Latitude

Longitude

44.425833 -73.232000
44.474833 -73.231667
44.582000 -73.281167
45.041667 -73.129667
44.785333 -73.162167
45.013333 -73.173833
45.041667 -73.129667
44.471000 -73.299167
44.474833 -73.231667
44.582000 -73.281167
44.701167 -73.418167
44.756167 -73.355000
44.701167 -73.418167
44.756167 -73.355000
44.701167 -73.418167
44.756167 -73.355000
44.948333 -73.340000
45.013333 -73.173833
45.041667 -73.129667
43.951667 -73.407833
44.582000 -73.281167
44.701167 -73.418167
44.126000 -73.412833
44.242167 -73.329167
44.471000 -73.299167
44.708167 -73.226833
44.785333 -73.162167
44.425833 -73.232000
44.474833 -73.231667
44.756167 -73.355000
44.582000 -73.281167
44.948333 -73.340000
45.013333 -73.173833
45.041667 -73.129667

Date
7/24/2006
7/24/2006
7/24/2006
7/25/2006
8/8/2006
8/8/2006
8/8/2006
8/9/2006
8/9/2006
8/9/2006
8/10/2006
8/10/2006
9/11/2006
9/11/2006
8/27/2007
8/27/2007
8/29/2007
8/29/2007
8/29/2007
8/13/2008
8/13/2008
8/13/2008
8/14/2008
8/14/2008
8/14/2008
8/14/2008
8/14/2008
8/15/2008
8/15/2008
8/15/2008
2009-08-18
2009-09-01
2009-09-01
2009-09-01

Time
1202
1106
1340
1115
1145
1035
1115
1000
1335
1100
1045
1140
1035
1115
1050
1300
1300
1025
1115
1000
1025
901
1149
1030
904
1045
1220
1315
1353
912
1025
1300
1055
1125

Depth
(m)
12.2
10
9.6
2.8
5.4
3
3.6
14
13.2
10.4
8
12
10
10.4
10
14
5
3
3
2.5
7.4
7.5
7.1
5.4
14.1
11.8
3
8
11.6
10
9
6
3
2.4

Lab

Field ID

VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT

200641195
200641193
200641197
200642273
200641225
200642296
200642297
200642299
200642303
200641233
200642304
200642305
200642374
200642375
200742335
200742336
200742340
200742338
200742339
200841116
200841597
200841595
200841593
200841591
200841589
200842337
200842339
200841607
200841609
200841601
200942344
200942405
200942403
200942404

Chlorophyll-a
(µg L-1)
4.26
5.12
2.91
9.22
13.2
6.22
8.36
1.54
1.7
3.06
3.79
3.84
3.14
4
1.96
2.84
6.18
4.84
6.63
17
4.44
5.09
4.53
5.53
2.75
4.07
19.6
2.76
2.23
4.37
3.48
4.31
6.75
13.8

Mean Landsat 7 ETM+ Reflectance from 5x5 Arrays
B1
0.085012
0.087096
0.090132
0.08728
0.08612
0.0846
0.0848
0.0839
0.0781
0.0792
0.0897
0.0824
0.0830
0.0813
0.078972
0.078072
0.078392
0.078972
0.078912
0.095688
0.087448
0.088144
0.092208
0.093332
0.087004
0.08512
0.090956
0.090768
0.091644
0.084048
0.116268
0.094448
0.0967
0.098368

B2
0.0528
0.055344
0.056084
0.061096
0.063788
0.0580
0.0600
0.0510
0.0466
0.0476
0.0570
0.0513
0.0479
0.0469
0.047504
0.04558
0.04706
0.04966
0.05002
0.07178
0.052848
0.054452
0.060736
0.065292
0.052564
0.051144
0.067112
0.059016
0.05908
0.049576
0.079104
0.060048
0.068728
0.073628

B3
0.0298
0.03312
0.036072
0.03806
0.033656
0.0351
0.0372
0.0319
0.0250
0.0276
0.0386
0.0307
0.0263
0.0269
0.027032
0.024484
0.026708
0.0281
0.027772
0.04706
0.031404
0.033328
0.036252
0.04136
0.031852
0.029336
0.038852
0.038792
0.036432
0.028084
0.053368
0.037036
0.044632
0.048892

B4
0.019884
0.024176
0.02628
0.023888
0.003096
0.0039
0.0033
0.0086
0.0030
0.0038
0.0145
0.0052
0.0175
0.0162
0.01918
0.01606
0.018868
0.018712
0.0184
0.032956
0.021244
0.025248
0.02658
0.029688
0.021988
0.020636
0.02658
0.030724
0.029688
0.020784
0.041872
0.03182
0.035156
0.03406

B5
0.003132
0.007228
0.009624
0.003216
0.02396
0.0238
0.0243
0.0240
0.0191
0.0190
0.0332
0.0228
0.0032
0.0035
0.004624
0.002388
0.002928
0.002388
0.002748
0.008548
0.004016
0.00714
0.00626
0.009692
0.006268
0.003404
0.003932
0.01224
0.012584
0.00298
0.01418
0.007456
0.009408
0.008488

B7
0.001484
0.00476
0.007268
0.00164
0.001692
0.0027
0.0021
0.0065
0.0012
0.0026
0.0102
0.0031
0.0019
0.0026
0.00274
0.001704
0.001616
0.001188
0.001616
0.004916
0.00196
0.004264
0.004092
0.006388
0.003848
0.002372
0.002368
0.008964
0.0088
0.001712
0.0082
0.004412
0.00626
0.005204

Table A-5: LTMP Net Phytoplankton and Landsat ETM+ coincident pair regression input data for 2006-2009 (ETM+ band data
converted to top-of-atmosphere reflectance)

L7 Overpass Date

Station

Latitude

Longitude

7/24/2006

51 - Missisquoi Bay Central
50 - Missisquoi Bay
51 - Missisquoi Bay Central
19 - Main Lake
21 - Burlington Bay
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
50 - Missisquoi Bay
51 - Missisquoi Bay Central
46 - Isle LaMotte (off Rouses Pt)
34 - Northeast Arm
40 - St. Albans Bay
25 - Malletts Bay
46 - Isle LaMotte (off Rouses Pt)
50 - Missisquoi Bay
51 - Missisquoi Bay Central

45.041667
45.013333
45.041667
44.471000
44.474833
44.701167
44.756167
44.701167
44.756167
44.701167
44.756167
45.013333
45.041667
44.948333
44.708167
44.785333
44.582000
44.948333
45.013333
45.041667

-73.129667
-73.173833
-73.129667
-73.299167
-73.231667
-73.418167
-73.355000
-73.418167
-73.355000
-73.418167
-73.355000
-73.173833
-73.129667
-73.340000
-73.226833
-73.162167
-73.281167
-73.340000
-73.173833
-73.129667

8/9/2006

9/10/2006

8/28/2007

8/14/2008
8/17/2009
9/2/2009

Key:
Validation samples are shaded yellow
Training samples have no fill

Date

7/25/2006
8/8/2006
8/8/2006
8/9/2006
8/9/2006
8/10/2006
8/10/2006
9/11/2006
9/11/2006
8/27/2007
8/27/2007
8/29/2007
8/29/2007
8/29/2007
8/14/2008
8/14/2008
8/18/2009
9/1/2009
9/1/2009
9/1/2009

Time

1115
1035
1115
1000
1335
1045
1140
1035
1115
1050
1300
1025
1115
1300
1045
1220
1025
1300
1055
1125

Depth
(m)

2.8
3
3.6
14
13.2
8
12
10
10.4
10
14
3
3
5
11.8
3
9
6
3
2.4

Lab

VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT

Field ID

200642273
200642296
200642297
200642299
200642303
200642304
200642305
200642374
200642375
200742335
200742336
200742338
200742339
200742340
200842337
200842339
200942344
200942405
200942403
200942404

Net Phytoplankton, Net Phytoplankton, Net Phytoplankton, Net Phytoplankton,
Total Biovolume
Cyanobacteria
Total Density
Cyanobacteria
(cells/L)
Density (cells/L)
(mm3/L)
Biovolume (mm3/L)
1010000
778000
1420000
106000
32900
90100
69600
85200
137000
386000
599000
179000
82700
267000
263000
1380000
234000
301000
795000
1020000

1010000
761000
1400000
101000
29900
82600
66500
67100
117000
310000
461000
161000
51100
169000
242000
1260000
212000
287000
673000
706000

0.106
0.0753
0.122
0.0546
0.0267
0.0448
0.0228
0.0415
0.0493
0.0599
0.171
0.165
0.138
0.142
0.037
0.26
0.0929
0.0324
0.475
1.01

0.106
0.0535
0.104
0.0143
0.0035
0.0066
0.00841
0.0093
0.0131
0.00827
0.019
0.00138
0.00916
0.0141
0.0281
0.214
0.0428
0.00841
0.068
0.176

Mean Landsat 7 ETM+ Reflectance from 5x5 Arrays

B1
B2
B3
B4
B5
B7
0.08728 0.061096 0.03806 0.023888 0.003216 0.00164
0.0846
0.0580
0.0351
0.0039
0.0238
0.0027
0.0848
0.0600
0.0372
0.0033
0.0243
0.0021
0.0839
0.0510
0.0319
0.0086
0.0240
0.0065
0.0781
0.0466
0.0250
0.0030
0.0191
0.0012
0.0897
0.0570
0.0386
0.0145
0.0332
0.0102
0.0824
0.0513
0.0307
0.0052
0.0228
0.0031
0.0830
0.0479
0.0263
0.0175
0.0032
0.0019
0.0813
0.0469
0.0269
0.0162
0.0035
0.0026
0.078972 0.047504 0.027032 0.01918 0.004624 0.00274
0.078072 0.04558 0.024484 0.01606 0.002388 0.001704
0.078972 0.04966
0.0281 0.018712 0.002388 0.001188
0.078912 0.05002 0.027772
0.0184 0.002748 0.001616
0.078392 0.04706 0.026708 0.018868 0.002928 0.001616
0.08512 0.051144 0.029336 0.020636 0.003404 0.002372
0.090956 0.067112 0.038852 0.02658 0.003932 0.002368
0.116268 0.079104 0.053368 0.041872 0.01418
0.0082
0.094448 0.060048 0.037036 0.03182 0.007456 0.004412
0.0967 0.068728 0.044632 0.035156 0.009408 0.00626
0.098368 0.073628 0.048892 0.03406 0.008488 0.005204

Table A-6: LTMP Secchi disk depth and Landsat ETM+ coincident pair regression input data for 2006-2007 (ETM+ band data
converted to top-of-atmosphere reflectance)
L7 Overpass Date

7/24/2006

8/9/2006

9/10/2006

8/28/2007

Station
16 - Shelburne Bay
21 - Burlington Bay
25 - Malletts Bay
51 - Missisquoi Bay Central
40 - St. Albans Bay
50 - Missisquoi Bay
51 - Missisquoi Bay Central
19 - Main Lake
21 - Burlington Bay
25 - Malletts Bay
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
46 - Isle LaMotte (off Rouses Pt)
50 - Missisquoi Bay
51 - Missisquoi Bay Central

Key:
Validation samples are shaded yellow
Trianing samples have no fill

Latitude Longitude
44.425833
44.474833
44.582000
45.041667
44.785333
45.013333
45.041667
44.471000
44.474833
44.582000
44.701167
44.756167
44.701167
44.756167
44.701167
44.756167
44.948333
45.013333
45.041667

-73.232000
-73.231667
-73.281167
-73.129667
-73.162167
-73.173833
-73.129667
-73.299167
-73.231667
-73.281167
-73.418167
-73.355000
-73.418167
-73.355000
-73.418167
-73.355000
-73.340000
-73.173833
-73.129667

Date
7/24/2006
7/24/2006
7/24/2006
7/25/2006
8/8/2006
8/8/2006
8/8/2006
8/9/2006
8/9/2006
8/9/2006
8/10/2006
8/10/2006
9/11/2006
9/11/2006
8/27/2007
8/27/2007
8/29/2007
8/29/2007
8/29/2007

Time
1202
1106
1340
1115
1145
1035
1115
1000
1335
1100
1045
1140
1035
1115
1050
1300
1300
1025
1115

Lab

Field ID

VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT
VT

200641195
200641193
200641197
200642273
200641225
200642296
200642297
200642299
200642303
200641233
200642304
200642305
200642374
200642375
200742335
200742336
200742340
200742338
200742339

Secchi Disk Mean Landsat 7 ETM+ Refelectance from 5x5 Arrays
Depth (m)
B1
B2
B3
B4
B5
B7
6.1 0.08501 0.05280 0.02980 0.01988 0.00313 0.00148
5 0.08710 0.05534 0.03312 0.02418 0.00723 0.00476
4.8 0.09013 0.05608 0.03607 0.02628 0.00962 0.00727
1.4 0.08728 0.06110 0.03806 0.02389 0.00322 0.00164
2.7 0.08612 0.06379 0.03366 0.00310 0.02396 0.00169
2 0.08464 0.05804 0.03506 0.00387 0.02381 0.00266
1.8 0.08476 0.06005 0.03724 0.00327 0.02426 0.00210
7 0.08395 0.05102 0.03193 0.00861 0.02396 0.00646
6.6 0.07808 0.04658 0.02502 0.00300 0.01913 0.00122
5.2 0.07918 0.04756 0.02764 0.00379 0.01899 0.00257
4 0.08970 0.05699 0.03858 0.01453 0.03319 0.01020
6 0.08244 0.05130 0.03071 0.00516 0.02278 0.00314
7.4 0.08302 0.04792 0.02630 0.01753 0.00318 0.00188
5.2 0.08135 0.04692 0.02694 0.01622 0.00346 0.00261
7 0.07897 0.04750 0.02703 0.01918 0.00462 0.00274
7.1 0.07807 0.04558 0.02448 0.01606 0.00239 0.00170
3.5 0.07839 0.04706 0.02671 0.01887 0.00293 0.00162
1.9 0.07897 0.04966 0.02810 0.01871 0.00239 0.00119
1.7 0.07891 0.05002 0.02777 0.01840 0.00275 0.00162

Appendix B:
Landsat ETM+ window size comparison for the development of chlorophyll a
models

Table B-1: Coefficients of determination (r2) and model parameter p-values for the best single band and band ratio models based on
mean ETM+ reflectance for 5x5, 3x3 and nearest neighbor Landsat ETM+ reflectance pixel arrays
Statistical Metrics

Best Single Band Model
Best Band Ratio Model
5x5 Pixel Grid 3x3 Pixel Grid Nearest Pixel 5x5 Pixel Grid 3x3 Pixel Grid Nearest Pixel

Training Data R 2
Intercept Coefficient p- value
1st Predictor Coefficient p -value
2nd Predicor Coefficient p -value

0.758
0.13908038
0.00083201
0.00000075

0.773
0.09121468
0.00044422
0.00000039

0.635
0.45021706
0.01528790
0.00006428

0.778
0.00000015
0.00001039
0.06345354

0.776
0.00000018
0.00001498
0.11508892

0.617
0.00004560
0.00102310
0.93541748

Table B-2: LTMP Chlorophyll a training data inputs with mean values of Landsat ETM+ coincident pair reflectance for 5-by-5, 3-by3 and nearest neighbor pixel arrays
L7 Overpass Date

7/24/2006

8/9/2006

9/10/2006
8/28/2007

8/14/2008

9/2/2009

Station

21 - Burlington Bay
25 - Malletts Bay
40 - St. Albans Bay
50 - Missisquoi Bay
51 - Missisquoi Bay Central
19 - Main Lake
21 - Burlington Bay
25 - Malletts Bay
36 - Isle LaMotte (off Grand Isle)
33 - Cumberland Bay
33 - Cumberland Bay
36 - Isle LaMotte (off Grand Isle)
50 - Missisquoi Bay
51 - Missisquoi Bay Central
04 - South Lake A
25 - Malletts Bay
33 - Cumberland Bay
09 - Otter Creek Segment
19 - Main Lake
40 - St. Albans Bay
21 - Burlington Bay
36 - Isle LaMotte (off Grand Isle)
46 - Isle LaMotte (off Rouses Pt)
50 - Missisquoi Bay
51 - Missisquoi Bay Central

Latitude Longitude

44.474833 -73.231667
44.582000 -73.281167
44.785333 -73.162167
45.013333 -73.173833
45.041667 -73.129667
44.471000 -73.299167
44.474833 -73.231667
44.582000 -73.281167
44.756167 -73.355000
44.701167 -73.418167
44.701167 -73.418167
44.756167 -73.355000
45.013333 -73.173833
45.041667 -73.129667
43.951667 -73.407833
44.582000 -73.281167
44.701167 -73.418167
44.242167 -73.329167
44.471000 -73.299167
44.785333 -73.162167
44.474833 -73.231667
44.756167 -73.355000
44.948333 -73.340000
45.013333 -73.173833
45.041667 -73.129667

Date

7/24/2006
7/24/2006
8/8/2006
8/8/2006
8/8/2006
8/9/2006
8/9/2006
8/9/2006
8/10/2006
9/11/2006
8/27/2007
8/27/2007
8/29/2007
8/29/2007
8/13/2008
8/13/2008
8/13/2008
8/14/2008
8/14/2008
8/14/2008
8/15/2008
8/15/2008
9/1/2009
9/1/2009
9/1/2009

Mean Landsat 7 ETM+ Reflectance from 5x5, 3x3 and nearest pixel arrays

Chlorophyll-a
(µg L-1)
5.12
2.91
13.2
6.22
8.36
1.54
1.7
3.06
3.84
3.14
1.96
2.84
4.84
6.63
17
4.44
5.09
5.53
2.75
19.6
2.23
4.37
4.31
6.75
13.8

B1
0.08710
0.09013
0.08612
0.08464
0.08476
0.08395
0.07808
0.07918
0.08244
0.08302
0.07897
0.07807
0.07897
0.07891
0.09569
0.08745
0.08814
0.09333
0.08700
0.09096
0.09164
0.08405
0.09445
0.09670
0.09837

5x5 pixel grids
B2
B3
B2/B1
0.05534 0.03312 0.63544
0.05608 0.03607 0.62224
0.06379 0.03366 0.74069
0.05804 0.03506 0.68571
0.06005 0.03724 0.70841
0.05102 0.03193 0.60776
0.04658 0.02502 0.59665
0.04756 0.02764 0.60068
0.05130 0.03071 0.62225
0.04792 0.02630 0.57724
0.04750 0.02703 0.60153
0.04558 0.02448 0.58382
0.04966 0.02810 0.62883
0.05002 0.02777 0.63387
0.07178 0.04706 0.75015
0.05285 0.03140 0.60434
0.05445 0.03333 0.61776
0.06529 0.04136 0.69957
0.05256 0.03185 0.60416
0.06711 0.03885 0.73785
0.05908 0.03643 0.64467
0.04958 0.02808 0.58985
0.06005 0.03704 0.63578
0.06873 0.04463 0.71073
0.07363 0.04889 0.74850

B3/B1
0.38027
0.40021
0.39080
0.41429
0.43934
0.38033
0.32041
0.34906
0.37256
0.31676
0.34230
0.31361
0.35582
0.35194
0.49181
0.35912
0.37811
0.44315
0.36610
0.42715
0.39754
0.33414
0.39213
0.46155
0.49703

B1
0.08806
0.08988
0.08588
0.08417
0.08570
0.08398
0.07820
0.08007
0.08281
0.08248
0.07889
0.07693
0.07943
0.07908
0.09573
0.08809
0.08759
0.09312
0.08703
0.09088
0.09159
0.08373
0.09421
0.09643
0.09790

3x3 pixel grids
B2
B3
B2/B1
0.05596 0.03361 0.63546
0.05596 0.03551 0.62257
0.06388 0.03304 0.74382
0.05791 0.03571 0.68805
0.05983 0.03713 0.69817
0.05078 0.03162 0.60466
0.04614 0.02487 0.59008
0.04809 0.02789 0.60061
0.05134 0.03091 0.62002
0.04754 0.02580 0.57645
0.04814 0.02714 0.61028
0.04567 0.02417 0.59359
0.04959 0.02770 0.62428
0.04979 0.02790 0.62962
0.07136 0.04632 0.74536
0.05317 0.03177 0.60356
0.05511 0.03372 0.62920
0.06606 0.04092 0.70934
0.05278 0.03194 0.60641
0.06782 0.03951 0.74630
0.05920 0.03606 0.64637
0.04981 0.02797 0.59488
0.06060 0.03710 0.64324
0.06789 0.04400 0.70400
0.07352 0.04917 0.75099

B3/B1
0.38170
0.39510
0.38478
0.42429
0.43329
0.37655
0.31799
0.34832
0.37327
0.31281
0.34408
0.31412
0.34872
0.35282
0.48387
0.36062
0.38501
0.43945
0.36704
0.43477
0.39367
0.33400
0.39380
0.45627
0.50221

B1
0.09180
0.09180
0.08740
0.08590
0.08890
0.08430
0.07820
0.08130
0.08590
0.08440
0.07800
0.07640
0.07960
0.07640
0.09380
0.08760
0.08760
0.09380
0.08440
0.09070
0.09070
0.08440
0.09290
0.09620
0.09960

Nearest pixel
B2
B3
B2/B1
0.05860 0.03840 0.63834
0.05690 0.03380 0.61983
0.06580 0.03340 0.75286
0.06060 0.03660 0.70547
0.06060 0.03820 0.68166
0.05020 0.03180 0.59549
0.04670 0.02540 0.59719
0.04850 0.03020 0.59656
0.05190 0.03180 0.60419
0.04670 0.02680 0.55332
0.04590 0.02860 0.58846
0.04400 0.02190 0.57592
0.04770 0.02860 0.59925
0.04960 0.02700 0.64921
0.06860 0.04520 0.73134
0.05450 0.03230 0.62215
0.05280 0.03390 0.60274
0.06510 0.04200 0.69403
0.05450 0.03070 0.64573
0.06510 0.03720 0.71775
0.05980 0.03550 0.65932
0.05100 0.02740 0.60427
0.06000 0.03610 0.64586
0.06750 0.04300 0.70166
0.07120 0.04820 0.71486

B3/B1
0.41830
0.36819
0.38215
0.42608
0.42970
0.37722
0.32481
0.37146
0.37020
0.31754
0.36667
0.28665
0.35930
0.35340
0.48188
0.36872
0.38699
0.44776
0.36374
0.41014
0.39140
0.32464
0.38859
0.44699
0.48394

Appendix C:
Plots of in situ chlorophyll a measurements against cell densities and biovolumes
of total net phytoplankton and cyanobacteria
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Appendix D:
Time-series image results for Landsat ETM+ band ratio chlorophyll a models

July 24, 2006: Lake Champlain chlorophyll a

August 9, 2006: Lake Champlain chlorophyll a

August 25, 2006: Lake Champlain chlorophyll a

September 10, 2006: Lake Champlain chlorophyll a

August 12, 2007: Lake Champlain chlorophyll a

August 28, 2007: Lake Champlain chlorophyll a

August 14, 2008: Lake Champlain chlorophyll a

August 17, 2009: Lake Champlain chlorophyll a (clouds over Missisquoi Bay)

)

September 2, 2009: Lake Champlain chlorophyll a

Appendix E:
Time-series image results for Landsat ETM+ band ratio cyanobacterial biovolume
models

July 24, 2006: Lake Champlain cyanobacterial biovolume

August 9, 2006: Lake Champlain cyanobacterial biovolume

August 25, 2006: Lake Champlain cyanobacterial biovolume

September 10, 2006: Lake Champlain cyanobacterial biovolume

August 12, 2007: Lake Champlain cyanobacterial biovolume

August 28, 2007: Lake Champlain cyanobacterial biovolume

August 14, 2008: Lake Champlain cyanobacterial biovolume

August 17, 2009: Lake Champlain cyanobacterial biovolume (clouds over Missisquoi Bay)

September 2, 2009: Lake Champlain cyanobacterial biovolume

